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Abstract 

Purpose- With increasing governmental revenue and budgets, their responsibility for community development and growth has 
increased. The first step to policy-making in order to attain the desired welfare levels is identify and measure the related indicators 
such as poverty in the best possible way. In Iran, most of conducted poverty surveys due to the lack of panel data cannot decompose 
households to transient and chronic poverty group. In this situation, the Synthetic panel data is a useful and new approach to estimates 
of poverty mobility in countries with only cross-sectional statistics. Therefore, based on this method we calculated the poverty 
dynamic of rural areas in Iran. 

Design/methodology/approach- The present study, initially calculates the absolute poverty line of rural areas in Iran in 2012, 2015 
and 2016, and then calculates the status of mobility of poverty during those years based on Synthetic panel data approach. 

Finding- The results of the estimation of probability functions for studying poverty dynamics indicated that in rural areas of Iran 
there was a kind of state dependence in poverty. According to the results, there is a dependency state in the rural poverty situation, 
where more than 86% of the households who were poor in 2016 were also poor (non-poor) during the first period (2012 or 2015) and 
only with the probability of less than 14% of the poor (non-poor) households during the past years was in the non-poor (poor) state. 
Key word- Poverty measurement, Dynamic poverty, Synthetic panel data, Rural areas, Iran. 
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1. Introduction 
ccording to the concept of “welfare 
state”, the state plays a key role in 
the protection and promotion of the 
economic and social well-being of 
its citizens based on policies and 
their implementations. In this regard, the control of 
poverty in society and its Reduction Strategies, as 
well as the protection of vulnerable groups (those 
at the highest risk of poverty) can be in the area of 
governments’ responsibilities. Hence, measuring 
and identifying poverty is one of the essential parts 
of knowledge for developing community-based 
programs and policies for poverty eradication, 
because, as Ravallion (1998) states, a credible 
measure of poverty can be a powerful tool for 
focusing policymakers' attention on the living 
conditions of the poor people. The purpose of 
presenting a poverty profile is to determine the 
main facts of poverty (such as inequality) and its 
sustainability, and then examine the pattern of 
poverty based on geography and _ household 
characteristics. Other reasons for measuring 
poverty are (a) to be able to predict and evaluate 
the effects of policies and programs designed to 
help the poor, and (b) to assess the effectiveness of 
institutions aimed at helping the poor (Haughton & 
Khandker, 2009). 
After Adam Smith's and Amartya Sen's definitions 
of poverty, extensive studies have been conducted 
on the identification and measurement of poverty. 
Most of them have used a static method for 
measurement. In these studies, the poverty line and 
aggregate poverty measures are assessed for 
different communities in a given year and the 
characteristics of people are identified, but 
sustainability and dynamics of poverty cannot be 
found in these studies. There are fewer studies on 
dynamics of poverty, for example: Whelan et al 
(2002), Jenkins and Rigg (2001), Jenkins (2000), 
Jarvis and Jenkins (1997). These studies are based 
on panel data and show that poverty is more 
widespread than suggested by cross-sectional 
studies, since the underlying process is the result of 
the accumulation and attrition of household 
resources (Shen et al, 2006). Salehi-Isfahani and 
Majbouri (2010) examined poverty and inequality 
in Iran in a dynamic context using a 4-year panel 
data, collected during 1992-1995. They showed 
short-term income mobility was relatively high, 
which helped reduce high inequality. They found 
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that chronic poverty was a more serious problem in 
urban than rural areas, while transient poverty was 
geographically more uniformly distributed. Goshu 
(2013) investigated the dynamics and determinants 
of poverty and vulnerability in rural areas of 
Ethiopia using panel data of households between 
2004 and 2009. They showed that depth and 
severity of poverty were reduced, but had 
increasing incidence. While many households were 
escaping from poverty, others were descending 
into the poverty trap, indicating reduction of 
relative poverty among the poor and the non-poor. 
Determinants of poverty status were household 
size, livestock holding, farming occupation, life 
status, social network, regional dummies, and other 
exogenous shocks. Unlike static poverty studies, 
dynamic poverty studies do not have a long history 
especially in developing countries. One reason is 
the lack of actual panel data in these countries. To 
overcome this limitation, methods such as pseudo- 
panel data or synthetic panel data have been 
presented to measure the poverty dynamics in 
countries with no cost/income panel data for 
households. (For more studying, see: Banks, 
Richard and Ager., 2001; Mckenzie, 2004; 
Pencavel, 2007). Since cross-section samples are 
typically refreshed each time that the surveys are 
conducted, synthetic panels are possibly less 
exposed to the concerns about measurement errors 
that are often found at actual panel data. Hence, 
pseudo-panel data is an interesting field of 
research. Dang and Lanjouw (2013) proposed a 
method to construct synthetic panel data from 
cross sections which can provide point estimates of 
poverty mobility. In contrast to traditional pseudo- 
panel methods that require multiple rounds of 
cross-sectional data to study poverty at the cohort 
level, the proposed method can be applied to 
settings with as few as two survey rounds and also 
permits investigation at the more disaggregated 
household level. Dang et al. (2014a) used synthetic 
panel data from two rounds of cross-section 
household surveys in 2005 and 2011 to investigate 
poverty dynamics in Senegal. More than half the 
population experienced changes in its poverty 
status and more than two-thirds of the extreme 
(food) poor move up one or two. welfare 
categories. According to them, factors such as rural 
residence, disability, exposure to some kind of 
natural disaster, and informality in the labor market 
are associated with a heightened risk of falling into 
poverty. In another study, Dang et al. (2014b) 
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proposed both parametric and non-parametric 
approaches to construct synthetic panels at the 
household level from two rounds of cross sections 
with rather parsimonious assumptions, and tested 
data sets for Vietnam and Indonesia. 

In Iran, until 2012 there was also no actual panel 
data that could track individuals’ characteristics 
over time and form the basis of income and 
poverty dynamics studies. Since 2013 onwards, 
there have been actual panel data sets for 
household income and expenditure for two 
consecutive years of 2013 and 2014, but this short 
interval cannot show the actual dynamics of 
poverty. According to Walker and Ryan (1990), at 
least a 7 or 8-year interval is necessary for proper 
measurement. The studies that conducted to 
construct pseudo-panel data in Iran are based on 
pseudo panels developed by Deaton (1985) from 
multiple rounds of cross-sectional data. However, 
pseudo-panel data requires a large number of 
repeated cross-sectional data (Bourguignon, Guo 
and ki 2004). The existing pseudo-panel methods 
may be of limited appeal to policy makers 
interested in the mobility of certain population 
groups, or to economists concerned with mobility 
due to idiosyncratic shocks to income or 
consumption (Dang et al. 2014b). Thus, in the 
absence of actual panel data, synthetic panel data 
derived from cross-sectional household data can be 
used to study poverty dynamics in_ Iran. 
Considering the importance of being informed of 
poverty dynamics in Iran, and its application in 
planning and policy making on _ improving 
community welfare, the aim of this study is to 
measure poverty dynamics of rural areas of Iran 
using Dang and Lanjouw (2013)’s presented 
synthetic panel data. 


2. Research Theoretical Literature 

In order to effectively reduce poverty, it is 
necessary to identify the factors leading to 
transitions into and out of poverty line. To do so, 
we require panel data, especially at the household 
or individual level. On the other hand, for various 
reasons such as the high cost of collecting panel 
data, it is not possible to provide panel data for 
many developing countries, and instead it is 
common to collect cross-sectional data. To 
overcome this limitation, Dang and Lanjouw 
(2013) developed a method using panel data based 
on repeated cross-sectional data. They generalized 
the method of Dang et al. (2014b) by (a) 
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introducing a method to approximate the 
appropriate correlation term and its theoretical 
upper bound using each country’s own cross 
sectional surveys, and (b) developing construction 
of the synthetic panels to settings where more than 
two rounds of data are available, and (c) extending 
the investigation of household transitions into and 
out of poverty to a much more general setup of 
household movements among different 
consumption groups (Dang & Lanjouw, 2013). In 
this section, first we present a brief review of the 
method described by Dang et al. (2014b) and then 
a brief review of the modified method developed 
by Dang and Lanjouw (2013). 

2.1. Theoretical bound estimation on poverty 
mobility 

Dang et al. (2014b) considered two cross-sectional 
survey periods 7 G=1 or 2). Both are random 
samples of households 7 (i=1, ..., N). If x shows 
household characteristics observed in period j, and 
y presents household consumption or income in 
period j, for prediction of household consumption 
(or income) on household characteristics for 
periods 1 and 2, we can write: 


Va = BX + Ey 
Vin = PoXin + Ein (V) 
X,, 1s the vector of household characteristics 
which can include time-invariant variables such as 
sex, ethnicity, religion, language, place of birth, 
and parental education as well as deterministic 
characteristics such as age. The percentage of 
households that are poor in the first period but non- 
poor in the second period can be defined as below: 


PCY: <Z5 Yin >Za) (2) 
Furthermore, the percentage of poor households in 


the first period that escape poverty in the second 
period can be defined as: 
P(Y;2 >Z2|¥in <Z1) @) 

In the above equations, Z; and Z» represent the 
poverty line in periods 1 and 2, respectively. In 
case of availability of panel data, we can estimate 
the quantities in equations 2 and 3; otherwise, we 
have to use synthetic panels. By assuming that the 
underlying population being sampled in periods 1 
and 2 are the same (Assumption 1), we can rely on 
the time-invariant variables x;j that are collected in 
both survey periods to predict the consumptions in 
period 1 for households interviewed in period 2, 
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and vice versa. Also, we can assume that error 
terms & and &2 are completely independent of 
each other (have bivariate normal distribution) 
with correlation coefficient (p) and standard 
deviations oi; and oi2 (Assumption 2). The lower 
bound and upper bound estimates of poverty 
mobility can be determined by obtaining 
appropriate values for p. If (is known, we can 
estimate quantities in Equation 2 as: 


P(y,,<z,and y,, >z,)=®, 


7 — X. 7 — y. 
a i289 B, 2» (4) 
oO. G., 


Where, 2(.) represents the standard bivariate 

normal cumulative distribution function. 

Parameters B, ando, can be estimated using 
J 


Equation 1, and (can be estimated based on Cohort- 
aggregated household consumption data. Equation 
4 indicates that a lower (higher) value of (means a 
higher (lower) probability of being poor in the first 
period but non-poor in the second period (Dang & 
Lanjouw, 2013). Since (is mostly unknown, Dang 
et al. (2014b) suggested that one can start by 
assuming that (is either 0 or 1. 

2.2. Theoretical (estimation) 

Dang and Lanjouw (2013) indicated some 
drawbacks in the method presented by Dang et al. 
(2014b) for identifying bound estimates on poverty 
dynamics. For example, some countries with actual 
panel data may need a more reasonable empirical 
range of (values. Also, (may be different for 
different household welfare outcomes. In this 
regard, they offered following propositions to 
estimate (based on a country’s own cross-sectional 
data: 

Proposition 1- Approximate estimation: Assume 
household consumption follows a simple linear 
dynamic data-generating process given by 


Vy, =at+d "Ya +1. (*) where 1];) is the random error 


term. Also assume that the sample size of each 
household survey round is large enough, the 
number of cohorts (C) constructed from the survey 
data is fixed, and the cohort dummy variables 
satisfy the relevance and exogeneity criteria for 


instrumental variables for Y;; in (*). The simple 


correlation coefficient Py, 5, can then be 
JiUSi2 


approximated with the synthetic panel cohort-level 
correlation 


simple coefficient P, ,, where c 
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indexes the cohorts constructed from the household 
survey data.” (Dang & Lanjouw, 2013, p.9) 
In the absence of true panel data, we do not 


observe J; for the same household with household 


consumption in period 2, but we can predict it by 
projecting household consumption in period 1 on 
the cohort dummy variables. Cohorts can be 
constructed from age or combination of age and 
other time-invariant characteristics as long as the 
cell size for each cohort is large enough (Dang & 
Lanjouw, 2013, p.11). 


2: gs 
Proposition 2- Point estimation: If R ; G=l and 2) 
represents the coefficients of determination 


obtained from estimating Equation 1, and 4; 


shows the vector of household time-invariant 
characteristics, the partial correlation coefficient 
(can be estimated by: 


__ PvinyigN®® Via) 2 Via) Bi Var (xi) Bo 


Oe, [%e, 


p (5) 


Or 
p= Py iin x VRrR> af Bh ~ B,) 6) 
J1—R? (1—R? 


If the estimated parameters in Equation 1 for two 
periods be close to each other, the partial 
correlation coefficient for household consumption 
can be interpreted as the simple correlation 
coefficient purged of its multiple correlation with 
household (time-invariant) characteristics in the 
two survey rounds, and then reweighted by the 
shares of the unexplained predicted errors. (Dang 
& Lanjouw, 2013) 

2.3. Poverty mobility for three or more survey 
periods 

Dang and Lanjouw (2013) generalized the general 
setting where there are three or even more rounds 
of survey data. We assume there are k periods. 
Household consumption levels can be explained by 
household characteristics for survey round by 
following equations (j=1,..., k): 


Vy = By + 8% (7) 
PO a zyandyj2 ~ Barse Vike 2x) = 
®, (a, a d> Za BaXij dy Ait. ¥ p) 


fia Fein FEiK 
(8) 
Where, Zj is the poverty line in period j, and ®,(.) 
shows k-variate normal cumulative distribution 
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function. For more discussion, see Dang and 
Lanjouw (2013). 


3. Research Methodology 

In order to analyze the poverty dynamics of rural 
areas in Iran using Synthetic panel data, the 
expenditure/income cross-sectional survey data for 
the years 2012, 2015, and 2016 were used. These 
data includes expenditure/income characteristics of 
households as well as other socio-economic 
characteristics such as age, gender, number of 
students, number of household employees, etc. 
collected each year by the Iranian Statistics Center 
for about 19,300 households in rural areas. The base 
year of this study (i.e. second period or Xi2) was 
2016 and the age of selected households in this year 
was between 30 and 60 years (according to the age 
of the household head). For other years, the age was 
adjusted relative to the base year. 

Poverty line defines the level of consumption (or 
income) needed for a household to escape poverty. 
The cost of basic needs (CBN) approach was 
applied to measure absolute poverty line during the 
studied years. In this approach, the basket of goods 
consists of food and non-food items; thus, the cost 
to meet basic needs is generally measured in two 
steps. At first, the minimum food expenditure 
required to live in a healthy situation, known as the 
food poverty line, is calculated. Then, the minimum 
nonfood expenditure for measuring nonfood poverty 
line is calculated. The consumption aggregate is 
finally obtained adding up these expenditures on 
food and non food items. 
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The food poverty line can be calculated based on the 
food energy intake method which shows 
expenditure (or income) per capita against food 
consumption (in calories per person per day) to 
determine the expenditure (or income) level at 
which a _ household acquires enough food. 
According to the Iranian Ministry of Health 
Department for Improving Nutrition, the average of 
energy consumption in 2012 was 2573 kcal per day. 
We used the Orshansky method to add _ the 
minimum nonfood expenditure to the food poverty 
line which is based on Engel's Law. In this method, 
the average ratio of household food expenditure to 
total household expenditures is calculated and then, 
multiplicative inverse of fraction is multiplied by 
the food poverty line to determine the total poverty 
line. The calculation of poverty line and the 
correlation term (was done in STATA software. 
In analyzing household characteristics, there were 
different sizes of households that made it difficult to 
compare the welfare of households. Considering the 
saving aspect of collective consumption, household 
expenditure does not always increase as_ the 
household size increases. In order to solve this 
problem, using the equivalent scales, we can relate 
the expenditure of households with different sizes to 
each other. In this study, we used the equivalents 
proposed by Iranian Ministry of Health Department 
for Improving Nutrition to assign an appropriate 
equivalent scale related to the gender and age of 
household members. Equivalents in Table 1 are 
similar to those presented by Dercon and Krishnan 
(1998). 


Table 1. Adult equivalence scales 
(Source: Iranian Ministry of Health Department for Improving Nutrition, 2018) 


Years of age Men Women 
0-1 0.24 0.22 
1-2 0.33 0.30 
23 0.39 0.36 
45 0.47 0.43 
6-11 0.66 0.61 
12-17 1.05 0.84 
18-29 1.04 0.79 
30-60 1.00 0.76 
60 plus 0.81 0.69 

After calculating the poverty line, Dang and education level of household head, and 


Lanjouw (2013)’s proposed technique mentioned 
in Section 2 was used to assess the poverty 
mobility in rural areas of Iran. Gender, age, 


residential area were considered as explanatory 
variables (household characteristics) for the 
estimation of Equation 1. The monthly poverty line 
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and poverty indicators of the rural households per 
adult equivalence for the years 2012, 2015, and 


2016 are presented in Table 2. As can be seen from 
this table, the absolute poverty line in rural areas 
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29,776,575 Rials in 2016. Moreover, poverty 
indices show that the poor population of rural areas 
in Iran has increased from 42.7% to 48.1% from 
2012 to 2016. Also, the poverty gap and severity of 


has risen from 1,725,800 Rials in 2012 to poverty have increased among surveyed households. 


Table 2. Absolute poverty line (Rials) per adult equivalence and poverty indices (percentages) of the rural 


households 
Index 2012 2015 2016 
Absolut poverty line 1725800 2726181 2976757 
Headcount Ratio 42.7 45.8 48.1 
Poverty Gap 13.2 15.0 15.9 
Poverty Severity 5.6 6.7 7A 


For examining the poverty mobility, since 
expenditure /income of about 49% of households 
was the same for two consecutive years of 2015 
and 2016, first, the poverty mobility was estimated 
using a synthetic panel data only for this group of 
households. This was done to compare the actual 
panels and synthetic panels obtained in this with 
those presented by Dang and Lanjouw (2013) in 
estimating poverty mobility. 


4. Research Findings 
Table 3 presents the values of obtained correlation 


coefficient (Py; 2015yi 2016 )- Partial correlation 


coefficient (p) of residues of household 
consumption regression on explanatory variables 
(gender, age, education level of household head, 
and region) was estimated by: 


yj =f, + gen, + Bage, + Bedu,, + Byreg +&, (9) 


For households living in Tehran, reg (region) was 
considered to be | and for other cities as 0. From 
Table 3, we can say that the difference in 
correlation coefficient of household consumption 
in two 2015 and 2016 using actual panels and 
synthetic panels is 0.7%. This difference for the 
partial correlation coefficient (p) of regression 
residues is 0.07%. In the study of Dang and 
Lanjouw (2013), the estimated cohort-level simple 
correlation coefficient for Bosnia-Herzegovina, 
Lao PDR, Peru, Vietnam, and United States was 
between 0.01 and 0.18 with a relative difference of 
2-18%. This indicates that the synthetic panel data 
has no considerable difference with actual panel 
data in Iran, and this approach can be used to 
analyze poverty mobility based on cross-sectional 
data in the absence of actual panel data. 


Table 3. Estimated values of (using actual panel data and synthetic panel data for years 2015 and 2016 


Coefficient | Actual panels Synthetic Relative difference 
panels (%) 
Pyi 15yi 16 0.9862 0.9931 % 0.70 
pP 0.9714 0.9721 % 0.07 


Values of estimated correlation coefficient for the 
years 2012 and 2016 are presented in Table 4. By 
comparing these results with those shown in Table 
3, it can be said that the (values are less than 


Pyjjyy Values. This confirms the compatibility of 


the estimate with theoretical foundations. In order 


to study the household transitions into and out of 
poverty line in 2015 and 2016, both actual panels 
and synthetic panels were used, but for estimating 
poverty mobility in 2012 and 2016, only the 
synthetic panel method was employed. 
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Table 4. Estimated values of (based on synthetic panel data for years 2012 and 2016 


Coefficient 


Py 12yi 16 Pp 


Actual panels 


0.939 


0.9195 


Table 5. Poverty dynamics (Joint probabilities) based on actual and synthetic panel data for three years 


First Period and ee = 2012-2016 
Second Period Actual panels pea Synthetic Panels 
Poor, Poor 46.2 43.7 43.6 
; (0.110) (0.110) (0.105) 
Poor, Nonpoor 3.79 6.21 6.39 
° (0.012) (0.009) (0.02) 
Nonpoor, Poor 3.78 6.20 6.35 
(0.011) (0.008) (0.018) 
Nonpoor, Nonpoor 42.26 43.8 43.6 
f (0.109) (0.108) (0.105) 


“Numbers in parentheses are standard errors 


By using actual panel data, 46.2%, 3.79%, 3.78% 
and 46.26% and by using synthetic panel data, 
43.7%, 6.21%, 6.20%, and 43.8% of rural 
households were poor in the two periods of 2015 
and 2016, poor in 2015 but non-poor in 2016, non- 
poor in 2015 but poor in 2016, and non-poor in 
both periods, respectively. In 2012 and 2016, 
43.6% of rural households were poor in two 
periods, 6.39% poor in 2012 but non-poor in 2016, 
6.35% non-poor in 2012 but poor in 2016, and 
43.6% poor in both years (Table 5). 

As the educational level of the household head 
increases, the rural households’ probability of 
being poor decreases in the two periods of 2012- 
2016, and 2015-2016, while their probability of 
being non-poor increases (Fig. 1b,c). Moreover, 
the probability of a transition from being non-poor 
to being poor in two periods due to the increase in 
educational level of household head did not show a 
regular trend (Fig.la). The only important thing 
was the low probability of exiting poverty (<0.1). 
In 2012-2016, with increased educational level, the 
chance of entering poverty regularly reduced in the 


households with both male and female heads 
(Fig. 1d). 

Table 6 presents conditional probabilities of 
poverty status by two methods in three years. The 
probability of being poor in 2016, given that they 
were poor in 2015, is 92.39% using actual panels 
and 87.12% using synthetic panels. For the period 
2012-2016, this probability is 86.83% using 
synthetic panels. The proportion of the households 
that were poor in 2016 given that they were non- 
poor in 2015 is 7.60% using actual panels and 
12.88% using synthetic panels.This proportion for 
the period 2012-2016 is 13.16% using synthetic 
panels. Moreover, the proportion of the households 
who were non-poor in 2016 given that they were 
poor in 2015 is 7.58% using actual panels and 
12.87% using synthetic panels. This proportion for 
the period 2012-2016 was 13.18% using synthetic 
panels. Also, by using these two methods 
respectively, there are probabilities of 92.41 and 
87.13% that the households were non-poor in 
2016, given that they were poor in 2015. This 
probability for the period 2012-2016 using 
synthetic panels is 86.82%. 
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Figure 1. Joint probability (%) of poverty in households categorized by gender and education of household head 


(p=poor, np=non-poor) 


Table 6. Poverty dynamics (conditional probabilities) based on actual and synthetic panels for years 2012, 2015, 


and 2016 
First Period--> Second 2015-2016 2012-2016 
Period Actual panels Synthetic Panels Synthetic Panels 

92.39 87.12 86.83 
Eon eae 0.02)" (0.025) (0.041) 
Meee 7.60 12.88 13.16 
ial (0.02) (0.025) (0.041) 

Sen 758 1287 13.18 
mY (0.016) (0.024) (0.046) 

92.41 (87.13) 86.82 
Nempook= 7 Nonboor (0.016) (0.024) (0.046) 
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Figure 2. Comparing conditional probabilities in households categorized by gender and education of household 
head (p=poor, np=non-poor) 


Figure 2 plots conditional probabilities of poverty 
for the households with different genders and 
educational levels of household heads. As can be 
seen, the probability of change in poverty status 
provided that the status remains unchanged in the 
base year, had almost the same trends in female- 
headed and male-headed households. With an 
increase in the educational level of the household 
head, the probability of being poor in 2016 
provided that the households were poor in 2012 
and 2015, decreased. However, the probability of 
being non-poor in 2016 provided that the 
households were poor in 2012 and 2015, increased. 
Furthermore, the probability of being poor in 2016 
provided that they were non-poor in 2012 and 
2015, increased as the educational level of the 
household head increased. The results in Figure 2 
also show the increasing likelihood of remaining 


non-poor in rural areas in 2016 if households were 
non-poor in 2012 and 2015. 


5. Discussion and Conclusion 

In this study, poverty dynamics of rural areas of 
Iran was investigated for the years 2012, 2015, and 
2016. The findings revealed that the absolute 
poverty line in rural areas has risen from 2012 to 
2016. Since the survey of household income in 
Iran is conducted using cross-sectional data, actual 
panel data cannot be used for dynamic analysis of 
the welfare and poverty status of households. For 
such studies, we need to use other methods that 
make estimates close to reality. In this study we 
used the method presented by Dang and Lanjouw 
(2013). To check the accuracy of the method, first 
poverty dynamics for the years 2015 and 2016 
were estimated by using both actual panels and 
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IIp 
IRI? 
synthetic panels. In the first method (actual 
panels), only joint households whose heads had 
age range of 30- 60 years in 2016, and 29-59 years 
in 2015 were selected for the study. In the second 
method (synthetic panels), analysis was with 
respect to the age range of household head and 
according to the techniques provided by Dang and 
Lanjouw (2013). In this regard, based on Deaton 
(1985)’s method, households were divided into 31 
age groups and the partial correlation coefficient of 
the residuals was calculated. Comparing estimates 
using the actual panels and the synthetic panels, 
the relative difference in 2015 and 2016 was only 
0.7%. Also, the maximum values that the partial 
correlation of the residuals can have were equal to 
the simple correlation for household consumption. 
Hence, we concluded that our results are consistent 
with Dang and Lanjouw’s theory. 

The results of the estimation of probability 
functions for studying poverty dynamics indicated 
that in rural areas of Iran there was a kind of state 
dependence in poverty. During the studied years, 
more than 86% of the households that were poor 
(non-poor) in 2016, were also poor (non-poor) 
during the first period (2012 or 2015). Only less 


References 


Journal of Research and Rural Planning 


No.2 / Serial No.25 


than 14% of the poor (non-poor) households in 
2016 were likely to be non-poor (poor) in the first 
period. One of the reasons for the state dependence 
in poverty is that the mood of those who are in the 
poverty line can be _ negatively affected. 
Experienced poverty can lead to a negative state, 
loss of motivation and even devaluation resulting 
in less chance of finding jobs for the unemployed, 
or finding low-quality jobs or unstable businesses 
which increase the risk of poverty. Another reason 
is that being poor can be related to negative 
motivations which can make the unemployed 
people feel that it is worthless to find a job, or even 
make them keep their low-wage job. Considering 
the heterogeneity of welfare and income levels of 
households in the provinces of Iran, it is expected 
that the sustainability of poverty be different and 
requires more studies in this area. 
Acknowledgments: The current paper is extracted 
from the doctoral dissertation of the first author 
(Fatemeh Garivani) in the Department of 
Economics, Faculty of | Economics & 
Administrative Sciences, Ferdowsi University of 
Mashhad, Mashhad, Iran. 


1. 


2. 


8. 


9. 


Banks, J., Richard, B., & Agar, B. (2001). Risk pooling, precautionary saving and consumption growth. 
Review of Economic Studies, 68(4), 757-779. (DOD: 10.1111/1467-937X.00189. 

Bourguignon, F., Goh, C., & Ki, G. (2004). Estimating Individual Vulnerability to Poverty with Pseudo- 
Panel Data. World Bank Policy Research Working Paper. No.(3375). The World Bank. (DOD): 
10.1596/1813-9450-3375. 


. Dang, H. A., & Lanjouw, P. (2013). Measuring poverty dynamics with synthetic panels based on Cross 


sections. World Bank Policy Research Working Paper No.(6504). The World Bank. 


. Dang, H. A., & Lanjouw, P. (2014). Welfare dynamics measurement: Two definitions of a vulnerability 


line. World Bank Policy Research Paper. No.(6944). The World Bank. (DOD: 10.1111/roiw. 12237. 


. Dang, H. A., Lanjouw, P., & Swinkels, R. (2014). Who remained in poverty, who moved up, and who fell 


down an investigation of poverty dynamics in Senegal in the Late 2000s. World Bank Policy Research 
Working Paper. No.(7141). The World Bank. (DOD: 10.1093/ acprof:oso/ 97801 98797692. 003.0008. 


. Dang, H. A., Lanjouw, P., Luoto, J., & McKenzie, M. (2014). Using repeated cross-sections to explore 


movements in and out of poverty. Journal of Development Economics, 107, 112-128. (DOD: 
10.1016/j.jdeveco.2013.10.008. 


. Deaton, A. (1985). Panel data from time series of cross-sections. Journal of Econometrics, 30, 109- 126. 


(DOD: 10.1016/0304-4076(85)90134-4 

Goshu, D. (2013). The dynamic of poverty and vulnerability in rural Ethiopia. Ethiopian Journal of 
Economics, xx//(2), 1-19. 

Haughton, J., & Khandker, S. R. (Eds.). (2009). Handbook on poverty and inequality. World Bank. ISBN: 
978-0-8213-7613-3 Retrieved from www.worldbank.org. (DOD: 10.1596/978-0-8213-7613-3. 


10.Jarvis, S., & Jenkins, S. P. (1997). Low income dynamics in 1990s Britain. Fiscal Studies, 18(2), 123- 


142. 


11.Jenkins, J. (2000). The Phonology of English as an International Language. Oxford: Oxford University 


22 


CN 


Press. 


12. Jenkins, S., & Rigg, J. (2001). The dynamics of poverty in Britain: Department for Work and Pensions. 
Research Report 157. 

13.McKenzie, D. (2004). Asymptotic theory for heterogeneous dynamic pseudo-panels. Journal of 
Econometrics, 120(2), 235-262. 

14.Pencavel, J. (2007). Earnings inequality and market work in husband—wife families. In Aspects of Worker 
Well-Being (pp. 1-37). Emerald Group Publishing Limited. 

15.Ravallion, M. (1998). Poverty lines in theory and practice. The World Bank. 

16.Shen, L., Zhang, C., Wang, T., Brooks, S., Ford, R. J., Lin-Lee, Y. C., ... & Cowell, J. (2006). 
Development of autoimmunity in IL-14a-transgenic mice. The Journal of Immunology, 177(8), 5676- 
5686. 

17.Walker, T. S., & Ryan, J. G. (1990). Village and household economics in India's semi-arid tropics. Johns 
Hopkins University Press. 

18.Whelan, C. T., Layte, R., & Maitre, B. (2002). Multiple deprivation and persistent poverty in the 
European Union. Journal of European Social Policy, 12(2), 91-105. 


23 


cot bewgy oj ydolip 9 yiidg jy dLro 
Oe calls be eceulls frail ile 
TTAY=T FAO + Sate cS cbLs 
http://jrrp.um.ac.ir 


VYYY-YOVF cle bls 


lp! ling, Glo 50 88 obo foo 


YB) cam —" od le dasee —""6 oSlt (cuoo! palbrore—' ile: ff aobl 


IPA 68 Pe ils Cor 


lal elgatvo elgriio pwgd 5 ol Gil lars) ol 50 coger -) 
ol pl tpi etprivo wg) ,9 olKitib whats! Lisi -9 

ll etgrive elgaiio cwgd 9 oS laid! Lusi -P 

hel ghee Aa pH olZ2ds estas! Lusi -f 


PAY slo ne Fcdh yo el 


slorel clog 5 42 ote) 8 be orp Gp aed 
Trbel g yn 9 GLA 9 slate! clos NS olin oly Gos 
BB dale 0 aS colRia Sem cpl jl cool UT Gcwkw 50 
FS og phd pt 095 5! Cadi clacusl wb ojlo og>9 Lar 
po AS jo SSL Coa glol 8 op alo 4: O95 I eel Ll 
ky Stroh oe lin Selo sob Gojoe 28 | 
IB de gi Oye Sle pj dgete g SLasl le po 59 6 JOT ayle pw 
APNE ce] [Sad 9 Sid) ay 

Sabod 9) -7 

slaorls iI p65 lig, Gols 88 claobs Lbs pple « 
VAD TAF TAY cola lo cel sfgild weljo — arjm Ghalons 
9 0dg2 VYID JL dase cal jo ek Sle cus! ont cola! 
See aloe ssl ee ee Ge ull 2 od CLT cla 
ak Je 44 Hs bJLe eo lp g Sel JF EY oe 
Ghee 788 Le arolre Silo jg! o Sg, jf ole b ad rs 
piling, Glolie 0 88 S pod Uline wy y pglaro 4 9 drole 
Cf ot 48 T op a (YH VV) GhlXee 9 Soo Sg, 5! ygt5 
ove dbeis 9 Ipsec y pe Sard Slr ee nie 
Cul ots A035 Las 59 oemtgi cle pitio Ulgie dy Highs 
Geiss cleash -f 

72 PS ling, GlaIlE ely 8 cle Lssls 4 allel p48 be 
sepals WAG 5 WAPION col Leis Sls folie sae 
a Fy BS Arbors (_ Stl yg 9 Sg) L) gles p88 Le 5) 


begun oe 
do dio —) 
Cn Uisle Say 93> 9 leg jl 5! pe) hulk 5 Cyd ojhail 
po Glo Gholles 88 I ee LZ bel g Croul pol bs 
Cy) lbs yo 1 BF Sy geo Leu! 583 op Fojlail qlolesd o59> 
Cord 5 drinngi JLe 50 clay ES 30 cjg 8 Lobe eoy 
cag hls cleosle og5 pel cyl CbYo jl SG Cond slog» LIV gb 
She Ly SS ca ghl claoolo 9,559) Ye VV Gls 59 Gow 
42 dog Lo wuolo ail prbede cleoole 5! oolautl 28 obJlas 
cr cA nol> oL8, oo bao Feil 5 lacs pp auc p 
sighs cleools 939) 44 9p AS ling, gblic 58 clachs 
Geos gyi ilno -¥ 
pose AS ogtco DibI clio! ols clean! 5 a 33 ob» 
9 Be ce bg ye Cyepe pS AG AT Srl Glau) 8 so jh 
IS gbay wir 5 60 HAF 83 obey! Sch aS SrooligyS lean 8 
Lg BS 50 ew yy |) 88 jl alg a> 9 2979 Ob > 8 by 
5 moe ole oles Ol lel Sx. 1 cul ayye-ve. yas yee) 
loos SF pu \, 8 aS Cul ool sl ree vy) Joa 

Crooks Grom! plbiome Fo 


wOhpel dgtne edguie (gw gd 78 olKtslo colaril 9 Ccylol agle ouXiulo olatil og F zw ol 


Email: shadmehri@um.ac.ir :,.%35 25! cus 


ST? 
MW 
Sa} 9 Sagy 99 85 I$ yn 909 AF aeghl Gleoole 
debs Oy) p88 Syd g bel VFVF chp JL OV G V4 4 V¥9O 
9 ple Cop pe ew oj Cele, b bd cpgo 99) 9 ad 
id aledl G))ror 9 Ko oget cliey 8 obs bbs 25) 
red Glie CG pF ojhl lp GT Caghl Glmosls o Sq, 
OF289 89) BL » GAGS 49) j Og Ty Glaowlsl Sj> 
Ay Le jIgil> pole alas yo Lesh, cpl jo aS Cand a8 F og (VVAO) 
Arulore loos dh oe (gripod we po 9 pond (need 0995 Y\ 
ow Las woo lV art) oes 5 ily caghl Gleoosls 
Wlarsle 
ors ie yp atlisne (GlBo y93 » 33 bs 5 3 pero Yoleek 
Gblic 59 45 aas.0 (KS SYL GO! al oy! dlp jh dbeb als 
jlo O99 part) oer my) » ce Seals fess gh cates, 
Dy Kagy jf pel dctlles o 90 claJle 6 cles cyl ce pd Cage 
JLe jo 4S cqaylgile dos AF 5I Ow os 3 9 coghlt Gleosls 
Je L VVAY Jlrs) Jol oygo jo Wiogs (488 pc) 28 VIO 
de 0 VF if eS Jct b is 4 009) (488 pe) 8d LS CVPAE 
(x88) 8d pe bS 0,90 9 VVID JLo (89 pe) 89 cla lail> 
lod: 
eceted pS cee ghli claoolo cha, 583 683 6 pFo shal Gal OLS 
lp) pling, Gols 
sil 95 9 RS 
(lg F dobls) Jo! orimgs Co pSo alls 51 a8 5 pole msi, 
edgetvo (og d 98 olKutslo «coliatal 9 co jfol agte osSitulo lardl 09 5 


eal ybpel eaguine 


Journal of Research and Rural Planning 


No.3 / Serial No.26 


Ole eon Gly cel JL) YYVFVOV 5 YYYFVAY LVVYOA- 
LS odliul (1) Aloles j} oolarul L 28 S yo 


Vi =f, + gen, + Page; + Badu, + Byreg ; +E, 

Cie GEN Adler oyg0 ls TLLS J cjlgilb ols i gy! jo aS 
hard Gbpve ACU cjlgile Cosy po Cy ABE c|gile Cusp pw 
AS Cost Mile SugSins fore oriaa Lis TES 9 jIgil> Cosy aw 
ore 4985 gblc Lo ly 9 \ ove ole OSs Gals Gly 
Glaools 5) Sag) lol » deo ce Gls ls cul ors Lb - 
GCRJLY o lg, Galle r2 59 FF I ee ttle ght 
ele ls 5 cppetoeem ata Soult BS es 8 VAG WIE 
FINA 6) 488 JLis go »@ 9 Lagil> sors FY/F VIO 4 \V9 
ous PNA ay akd oS WYRE hehe es WHA Ile hes 
Pe ets I nae os A ls ole 
O89 pd Jlesolhstloog, 483 Jl 92 > 2 50 La Igil> wo 50 
Jo 39 ag! 5292 pelid bpd & VTA JLo jo obo g, cla jlgil> 
Ly pale Fe ctbly Gaghl clmoolo 9,529) 99 Gobel 2 WTAE 
VWAD g WYAY Ils cel gad ppl teal duos AV/VY 9 VIVA 
sSasil Soy APIAY Wi gli cca 8 call pe lnslee Sa, gill 
yp aS! bys a se B38 VPID JLo jo aS ola lgil> Cu 
oll jy diay WIAA 5 VIP* qty antl 28 2 TAP JL 
Se Cp prem Gal to 9 AF le 39 0097 yg do 9 S29) 99 
tile cadeoys WIV by aly WAN g 1PM 

STAR 9 Cou -O 

sla AS VY Gls oblhem 5 So 9) 5! 29h orl oo 
CG che pee 69) pe Spee Ope F) 5] Pole YL! al 
Hass slit sol lta Slee Ad aolyay hes ely atiual alas 
Sle 8 log LN 59 49) O99 G89 oli yy le 
9 tle Cgaghl cLeosls 9, Sg) 99 \¥ID 5 \YAF GJ. 


http://dx.doi.org/10.22067/jrrp.v5i4.729 11 


FOS OA cebu pepyaelis 


25 


